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Background
Generalizability theory and bifactor models continue to play significant roles in 

representing psychometric properties of scores from measures within a wide variety of 
disciplines, including psychology and psychotherapy. Emanating from the seminal work of 
Cronbach and colleagues in the 1960s and 70s [1,2], generalizability theory has revolutionized 
measurement practice beyond traditional classical test theory techniques by creating an 
all-encompassing framework for both objectively and subjectively scored measures that 
explicitly identifies the domains to which results are generalized, allows for separation 
of multiple sources of measurement error, and provides straightforward procedures for 
estimating the effects of changes made to measurement procedures. Bifactor models first 
appeared in the research literature over 85 years ago [3,4], but only within the last decade 
or so have applications of such models truly begun to proliferate [5]. Bifactor models extend 
partitioning of explained variance (i.e., universe score variance in generalizability theory, true 
score variance in classical test theory, and communality in factor analyses) into general and 
group factor effects to provide further insights into score dimensionality and possible benefits 
gained when reporting subscale in addition to composite scores. Within a bifactor model, 
interrelationships among item scores are accounted for by a general factor reflecting common 
variance across all items and by additional group factors reflecting unrelated unique variance 
shared among non-overlapping clusters of items with similar content.

Popularity of generalizability theory and bifactor modeling

To gauge interest in use of generalizability theory and bifactor models within the last 
five years alone, we recorded 568 hits using the keywords “generalizability theory” and 999 
hits using the keywords “bifactor model” in separate PsycNet database searches between 
the years 2018 and 2022. Although rarely applied in the same study, generalizability theory 
and bifactor modeling techniques have been used individually in many common domains, 
including psychology, health sciences, education, and athletics. Part of the reason why such 
studies seldom overlap is that generalizability theory is typically represented within Analysis 
of Variance (ANOVA) frameworks and bifactor analyses within factor analytic frameworks. 
However, researchers have recently demonstrated that both frameworks can be integrated 
into structural equation models to take advantage of their joint benefits [6-10].
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Abstract
Generalizability theory and bifactor modeling have been used to represent psychometric properties 
of scores in numerous disciplines but are rarely combined to take advantage of what each has to offer. 
In this article, we briefly describe the nature of these procedures and provide an extended example of 
how they can be used together when developing, evaluating, and improving assessment procedures in 
psychological contexts.
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An example of generalizability theory-based bifactor 
designs and their application

Although it is beyond the scope of this brief article to describe 
the merger of generalizability theory and bifactor modeling in 
detail, we provide one example of combining them in Table 1 
using Negative-Emotionality domain and facet scores (Anxiety, 
Depression, and Emotional Volatility) from the recently expanded 
form of the Big Five Inventory [11]. The Negative-Emotionality 

composite scale has 12 items, each nested facet subscale has 4 
items, and items within all scales are equally balanced for positive 
and negative wording to reduce possible effects of acquiescence 
response bias. Analyses discussed here are based on responses 
from 389 college students, who provided informed consent before 
completing the BFI-2 on multiple occasions for an ongoing research 
study that was preapproved by the university’s Institutional Review 
Board (ID# 200809738).

Table 1: Partitioning of variance and value-added ratios for negative emotionality scales.

Index

Design/Scale US Gen Grp SFE TE RRE VAR

Design 1: i(s)=4, o=1

Negative Emotionality 0.854 0.775 0.079 0.049 0.050 0.047

Anxiety 0.672 0.560 0.113 0.153 0.032 0.143 0.863

Depression 0.786 0.511 0.275 0.094 0.039 0.081 1.046

Emotional Volatility 0.775 0.656 0.119 0.089 0.039 0.096 0.962

Design 2: i(s)=4, o=2

Negative Emotionality 0.898 0.815 0.083 0.051 0.026 0.025

Anxiety 0.737 0.613 0.123 0.168 0.018 0.078 0.928

Depression 0.836 0.544 0.292 0.199 0.021 0.043 1.095

Emotional Volatility 0.832 0.704 0.128 0.096 0.021 0.052 1.020

Design 3: i(s)=8, o=1

Negative Emotionality 0.897 0.814 0.083 0.026 0.053 0.025

Anxiety 0.789 0.657 0.132 0.09 0.038 0.084 0.965

Depression 0.861 0.560 0.301 0.051 0.043 0.043 1.092

Emotional Volatility 0.855 0.723 0.131 0.049 0.043 0.053 1.010

Design 4: i(s)=8, o=2

Negative Emotionality 0.933 0.847 0.086 0.027 0.027 0.013

Anxiety 0.840 0.699 0.141 0.096 0.02 0.045 1.018

Depression 0.901 0.586 0.315 0.054 0.023 0.023 1.134

Emotional Volatility 0.898 0.760 0.138 0.052 0.023 0.028 1.060

Note: i(s) = number of items within each subscale, o = number of occasions, US = proportion of universe score variance 
(also called a generalizability coefficient in applications of generalizability theory), Gen = proportion of general factor 
variance, Grp = proportion of group factor variance, SFE = proportion of specific-factor error, TE = proportion of transient 
error, RRE = proportion of random-response error, and VAR = value-added ratio.

Partitioning of variance 

In Table 1, we summarize results for four persons × items × 
occasions random effects generalizability theory designs. Scales 
are considered fixed within the designs because results are not 
generalized beyond the constructs they represent, whereas 
sampled items and occasions are considered exchangeable with 
other items and occasions drawn from broader universes. Results 
in Table 1 represent partitioning of variance for BFI-2 Negative 
Emotionality composite and subscale scores, first assuming that 
the scales are administered in their original form (4 items per 
subscale) on one occasion (Design 1), and then doubling numbers 
of items and/or occasions (Designs 2-4). Indices in Table 1 for 
partitioning of variance reflect proportions of observed score 
variance accounted for universe scores (i.e., general plus group 

factor effects), general factor effects, group factor effects, and 
three sources of measurement error (specific-factor, transient, and 
random-response). 

Specific-factor error represents person-specific idiosyncratic 
reactions to item content and response options such as 
understandings or misunderstandings of words that endure across 
occasions but are unrelated to the constructs being measured.

Transient error represents independent person-specific effects 
within the administration setting stemming from respondent 
dispositions, mindsets, and physiological conditions; reactions to 
administration and environmental factors; and other entities that 
temporarily affect behavior within that setting. Random-response 
error reflects additional momentary “within-occasion noise” 



3

Psychol Psychother Res Stud       Copyright © Walter P Vispoel

PPRS.000652. 7(1).2023

effects that follow no systematic pattern (e.g., distractions, lapses 
in attention, etc.); [12-14]. Within other paradigms such as latent 
state-trait theory, specific-factor and transient error are often 
respectively described as method and state effects [15-17]. 

Results in Table 1 reveal that universe scores account for the 
majority of observed score variance across all scales and designs, 
with general factor effects (i.e., the global construct Negative 
Emotionality) accounting for most of that variance. Across the 
three subscales, Depression shows the strongest unique (group) 
effects, followed respectively by Emotional Volatility and Anxiety. 
As numbers of items or occasions increase, proportions of universe 
score, general factor, and group factor effects increase, but the 
ratios of general to group factor variance remain the same. Within 
the baseline design (Design 1), each source of measurement error 
accounts for noteworthy proportions of observed score variance, 
ranging from 0.049 to 0.153 for specific-factor error, 0.032 to 0.050 
for transient error, and 0.047 to 0.143 for random-response error. 
Further increases in numbers of items decreases proportions of 
specific-factor and random-response error, whereas increases 
in numbers of occasions decreases proportions of transient and 
random-response error. Consequently, increasing items would 
best reduce specific-factor (method) error, increasing occasions 
would best reduce transient (state) error, and increasing either 
items or occasions would reduce random-response error. When 
using results like those shown in Table 1, users and developers 
of assessment measures would typically first consider minimally 
acceptable proportions of universe score variance (e.g., often 0.80) 
for each scale, then determine combinations of numbers of items 
and occasions that would meet those criteria, and finally select the 
combination that is easiest to implement in practice.

Subscale added value

 In the last column in Table 1, we present value-added ratios [18] 
that can be used to determine possible benefits gained by reporting 
subscale in addition to composite scores. A VAR is a rescaling 
of indices described by Haberman [19] to determine whether a 
subscale’s observed scores better represent that subscale’s true or 
universe scores than would the corresponding composite scale’s 
observed scores. In general, subscale added value is increasingly 
supported as VARs deviate upwardly from 1.00. Within the designs 
shown in Table 1, the Depression subscale meets the criterion for 
added value for the baseline design with four items per subscale 
and one occasion and all subsequent designs with added items 
and/or occasions; the Emotional Volatility subscale meets the 
criterion for all but the baseline model; and the Anxiety subscale 
requires at least eight items per subscale and two occasions to meet 
the criterion. These results indicate that the Depression subscale 
provides added value beyond the composite scale in all instances 
but that increases in items, occasions, or both would be required 
for the Emotional Volatility and Anxiety subscales to do so. Such 
findings underscore benefits of generalizability theory-based 
bifactor analyses in isolating conditions under which some or all 

subscales would be expected to contribute meaningful information 
beyond composites in practical applications.

Conclusion
We hope that this brief excursion into generalizability 

theory and bifactor model designs piques readers’ interest in 
applying these techniques when measuring constructs relevant 
to psychology and psychotherapy. Many additional extensions 
of these procedures are explained in detail in recent articles that 
also include instruction and computer code for analyzing a wide 
variety of generalizability theory-based bifactor designs [6-10]. We 
encourage readers to explore uses of these methods for developing, 
evaluating, and improving assessment procedures not only within 
general psychological and psychotherapeutic contexts, but also 
within any discipline for which generalizability theory and bifactor 
techniques can be meaningfully combined.
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